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Abstract 
Numerical Designs of Experiments (DoE) are used in a product development process for several purposes as optimization, surrogate modelling 
or sensitivity analysis. Methods used to shorten the execution of DoE demands advanced knowledge and expertise to be selected and 
configured. A knowledge management approach can be applied to capitalize and reuse knowledge. There is a real lack in term of models for 
this specific application. Thus, an ontology for the numerical DoE process is proposed. It is linked to existing ontologies and data models 
developed for numerical simulations. This ontology will be used as a support for a decision-aid system. 
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1. Introduction 
Product Development Processes (PDP) frequently use 
numerical simulations to optimize products regarding to 
Quality, Cost, and Delay objectives. As these aspects are 
continuously improved, simulation processes are based on 
more and more complex and accurate numerical models. Thus, 
the computational cost and the amount of data used and 
produced increases. 
A numerical Design of Experiments (DoE) process defines 
an ordered sequence of simulations, based on a parameterized 
numerical model. Such a process is used to fulfill several 
objectives, as design optimization [1], surrogate modelling [2] 
or sensitivity analysis [3]. Outputs from each 
simulation/experiment are post-processed by specific methods 
to fulfill these objectives. By its nature, a DoE will multiply 
the simulation process cost and the amount of generated data. 
A DoE process can be hard to be tuned, long to be executed 
and a management of its related data may be difficult. To 
reduce the execution cost of this process, specific methods can 
be used, as adaptive DoE [4], surrogate modelling methods, 
etc. While these methods shorten the execution step, they 
demand advanced expert knowledge and increase the time 
needed to define the process. 
A key to shorten the DoE process, as discussed in [5], 
consists in efficiently managing data used in each DoE 
process. A Simulation Data Management strategy aims to 
gather, store, classify, share and reuse capitalized data to 
shorten the configuration step of the simulation process. In 
this paper, an ontological approach is presented to help the 
designer to configure the DoE process by reusing capitalized 
knowledge. This approach adds a semantic aspect and links 
between data to provide a generic and sharable description of 
knowledge about this process. 
The paper is structured as follows: Section 2 presents a 
literature review of ontologies used for design of products. 
Section 3 details the proposal, which consists in a specific 
ontology for the numerical DoE process. A use-case is 
presented in Section 4 to illustrate this proposal on a specific 
application in mechanical engineering. 
 
Nomenclature 
DoE Designs of Experiments  
PDP Product Development Process 
SDM Simulation Data Management 
STEP STandard for the Exchange of Product model data 
AP Application Protocols 
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2. Ontologies in Product Development Process 
An ontology can be defined as an “explicit specification of 
a conceptualization” [6]. In other words, ontologies give a 
semantic representation of a set of concepts and relationships 
described by a shared vocabulary. An ontology provides a 
sharable common understanding of a specific domain, which 
can be reused with others ontologies, modified, easily 
understood and able to be used for different applications [7]. 
Ontologies are used to face up to the collaborative context of 
the PDP, involving heterogeneity, interoperability, temporal 
evolution and knowledge management issues in every steps of 
the product lifecycle. 
This literature review focuses on product ontologies, used 
to support the PDP. 
2.1. Product ontologies 
Several ontologies have been developed to support the 
PDP, at different levels of details and at different stages of the 
product lifecycle, but with the same goal: to enhance 
interoperability and collaborative processes. 
PRONOIA2 [8] is more specific to the design process. This 
is a spatiotemporal ontology for mechanical assemblies, which 
is composed of three breakdown levels (meta, domain and 
application-ontology) to be easily adapted to a new domain. 
The temporal dimension is used to manage modifications 
occurring during the PDP. The ontological assembly model 
[9] was also proposed. It is based on two data models 
developed by NIST: the Core Product Model, and the Open 
Assembly Model. These two models were combined and 
enriched with semantic and reasoning capabilities. The Core 
Product Model is a generic product data model designed to 
support PLM. Each artifact of the product is composed of 
features. They are defined by a function, a form and a 
behavior. Open Assembly Model describes more specifically 
assembly data. 
An ontology [10] was proposed to support the design 
process. It links numerical simulation data, requirements data, 
and geometric data. It is also based on the same product 
description than Core Product Model (entity, artifacts, 
behavior, etc.). It focuses also on the description of 
stakeholders, as customers, or design team Members. 
Some ontologies are more specific to the manufacturing 
context. For instance, OntoSTEP-NC [11] was developed to 
enhance interoperability between CAD, CAM and MOCN 
tools. ONTO-PDM [12] is a product ontology managing 
heterogeneous data, as material used and related properties, 
relationships between components and products, versions, 
manufacturing equipment, etc. The product may embed data 
into itself, to enhance interoperability in a manufacturing 
software environment. It is based on two standards, ISO 
10303 and IEC62264. 
Concerning analysis processed during the design step, an 
ontology [13] proposes a generic knowledge representation 
about analysis models and simulations, supporting all kinds of 
physics, hardware/software requirements, justifications of 
each idealization made, etc. It was detailed for finite element 
models and discrete models. 
Others ontologies are designed to provide decision support, 
by automatically propose optimal solution from gathered data 
and knowledge. As an example, an application [14] combines 
text-mining methods, used to extract data from crowd-sourced 
database, and an ontology, used to re-structure these extracted 
data. This leads to an automatic selection of best proposed 
product concepts. A second example is an ontology-based 
knowledge framework for automatic material selection [15]. It 
is composed of an ontology supporting knowledge about 
material properties, a reasoning layer using the Semantic 
Query-enhanced Web Rule Language (SQWRL) to support 
complex “if…then” rules, and a user interface. This decision 
support system is only based on pre-defined logical rules. 
Many of these ontologies are based on standards and 
improve them. The main standard use for PDP is ISO 10303 
“STEP” [16]. This standard aims to provide a complete, 
neutral and clear description of a product throughout its 
lifecycle. It specifies, for instance, a neutral language 
(EXPRESS), implementation methods, and Application 
Protocols (AP). AP described the representation of product 
data for one or several domains. For instance, STEP-NC 
(AP238) for manufacturing applications and AP214 for 
mechanical design and graphical representation of assemblies 
and parts. An international standard like ISO 10303 used as a 
basis for ontology definition provides a great advantage to 
ensure a common understanding of concepts and facilitate the 
integration of ontologies in real applications. 
2.2. Toward a DoE process ontology 
Ontologies are applied to PDP in different levels and for 
different domains. As illustrated in Table 1, there are no 
ontologies supporting the DoE process. However, some of 
ontologies covered in this review describe the simulation 
process. Since the DoE process contains multiple simulation 
processes, these ontologies must be taken into account to 
develop a specific ontology for numerical DoE process.  
Table 1. Product ontologies classification. 
Type of process Ontology reference 
PDP [12] 
Design process [8,9], [10,14,15] 
Manufacturing process [11] 
Simulation process [13,10] 
Experiments [17,18] 
Numerical DoE process ׎
 
Concerning standards, the second edition of AP209, 
entitled “Multidisciplinary analysis and design”, specifies a 
data model covering multidisciplinary simulation processes 
and links CAD models and simulation model. This enable, for 
instance, a connection between one assembly representation 
and multiple idealized geometries used for simulation. 
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Two ontologies are close to DoE process data used. As an 
attempt to formalize science, EXPO [17] was designed to 
support real experiments data and was applied in high-energy 
physics and phylogenetic. An ontology on data-mining 
experiments [18] was also developed. It could be useful as 
DoE process may use some data mining methods, for instance 
learning methods for surrogate modelling. 
This literature review reveals several compatible ontologies 
and standards to enrich a specific ontology for DoE process. 
The definition of this new ontology will be made in 
connection with some of these previous developments. 
3. ODE: an ontology for numerical DoE process 
The previous section shows a lack of ontological 
description of numerical DoE process. This proposal aims to 
manage the knowledge needed to entirely configure the 
process. The ontology presented here aims to meet several 
criteria [6] to ensure knowledge sharing: clarity of concept 
definitions, a coherent logic between these concepts, the 
extendibility to enrich the ontology with new concepts and 
properties, a minimal encoding bias to avoid bias from chosen 
representations of concepts, and a minimal ontological 
commitment, to ensure its genericity. This section details the 
structure of the proposed ontology in order to respect these 
criteria. This ontology was created in OWL2 language with 
the ontology editor Protégé. 
3.1. DoE process concepts 
A DoE process is mainly defined by following concepts: 
x An objective: one among five objectives has to be 
selected. These objectives are listed in Table 2. This 
concept will determine type of methods used during the 
process; 
x A set of constraints: the process may have to be executed 
in a limited time and reach several quality thresholds, as 
result accuracy or surrogate model predictivity; 
x An initial model: experiments planned by the DoE will be 
executed by running a model, as a finite-element model; 
x A set of factors and outputs: a limited set of parameters 
are selected from the initial model to become the factors 
of the DoE. The studied outputs are also selected; 
x A DoE: defined by its factors, outputs, type and number 
of experiments. The type of DoE will determine the 
sampling method used to plan experiments. A 
mathematical model is commonly associated, which can 
become a surrogate model if it is accurate enough; 
x Hardware and software resources: the execution time of 
the process depends on the computational budget 
available. In case of multi-physics and optimization 
computation, complex computational chains may be used, 
combining different softwares. 
 
x These concepts are essential to define and identify a DoE 
process. All of these concepts, except the DoE concept, 
must be defined by the user to initiate the configuration 
step. According to this description, the central class of 
this ontology is the DoE process class, linked to each of 
these concepts described above, as illustrated by  
. 
 
Fig. 1. Main classes and object properties (arrows) of DoE process ontology 
Each concept is detailed with subclasses, classes with new 
properties and data properties. For instance, the class “DoE-
Type” aims to embed every known sampling method. The 
structure illustrated by Fig. 2 was made according to [19]. 
This ontology covers also methods used to shorten the 
execution step of the DoE process, as adaptive surrogate 
modelling methods. Thus, it must describe surrogate model 
types, optimization algorithms and statistical validation 
methods to compute accuracy and predictivity indices. 
 
 
Fig. 2. Excerpt of Doe_Type class 
Object properties were created to semantically link these 
concepts. This will allow the integration of rules inside the 
ontology. For instance, rules about objectives and related 
methods used to fulfill them were defined, according to Table 
2. Then, if a process aims to create a surrogate model, 
sensitivity analysis methods will not be used nor configured. 
Examples of rules are shown in Table 3. These rules ensure 
the consistency of the database, by preventing a DoE process 
from having several objectives, a DoE with no factors or a 
process without any DoE. It also enables the DoE process to 
have several DoE for instance. Some properties can be 
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chained to obtain more complex rules, as shown by the last 
example. 
Table 2. Relation between DoE process objectives and class of methods 
                  Methods 
Objectives 
DoE Surrogate 
models 
Sensitivity 
methods 
Optimization 
algorithms 
Diagnostic X    
Exploration X    
Surrogate modelling X X   
Sensitivity analysis X X X  
Optimization X X X X 
Table 3. Excerpt of object properties in ODE 
Domain Type Range 
SurrogateModelling subclassOf Objective 
DoEProcess IsDefinedBy_Objective 
Cardinality Exactly 1 
Objective 
DoEProcess IsDefinedBy_DOE 
Cardinality Min 1 
DoE 
DoE hasFactors 
Cardinality Min 1 
Factor 
SurrogateModelling Disjoint With Exploration 
DoE Chain of properties: 
{ObjectiveIsSurrogateModelling 
& 
DoEProcess_IsDefinedBy_DoE} 
ฺ̴̴ 
Surrogate_Model 
 
Several reasoning algorithms are available in Protégé to 
check the consistency of this ontology. It detects conflicts 
between properties, deduces new properties and enables the 
user to check if the set of properties is complete. This 
ontology was successfully checked by HermiT 1.3.8.3 and the 
incremental Pellet algorithm. 
3.2. Links with others works 
A main property of ontologies is the ability to be linked to 
others ontologies to extend and enrich both of them. Many 
concept are actually already defined, as shown in the literature 
review (cf. Section 2). 
This ontology can be extended more generally by linking 
to more general ontologies describing, for instance, the 
simulation process, or the entire PDP process. The PPRO 
ontology [20] is based on a generic 
product/process/organization data model. The standard 
ISO10303 AP209 ed.2, as presented in Section 2, described 
accurately simulation data. For instance, it described the 
concept of numerical model, which can correspond with the 
concept of model in the proposed ontology. It can also be 
extended by ontology describing very specific knowledge 
domains, as Expo [17]. Expo covers, for instance, concepts of 
computational experiments, multi-factor experiments, models 
and statistical hypothesis tests. 
Some semantic properties, as synonym and antonym words 
are defined to connect several concepts. Thus, the description 
is enriched and knowledge can be shared by different 
communities with different description of the same concept. 
Other concepts are added to ensure traceability of the process, 
as authors and their roles, data describing the current project, 
versioning data, etc. 
4. Use case 
The use-case presented here aims to illustrated 
functionalities of the proposed ontology for data reusing. A 
designer is currently defining a new DoE process, and he/she 
does not know really how to configure it in an optimal way. 
He/she wants to obtain more information concerning previous 
executed processes to configure its process faster. 
4.1. Instantiation 
This ontology is populated by 10 different DoE processes. 
These processes are defined by an author, an objective, a set 
of constraints, a DoE type, an initial model, a number of 
experiments, and so on. One of these cases is summarized in 
Table 4. 
Table 4. Example of DoE process available in the database 
Type of data Value 
Author Author1 
Objective Surrogate modelling 
Constraint Time=180 min; Accuracy R²=0.98; 
Predictivity Q²=0.001 
Initial Model Name: Wing01 
Factors E1 (Young Modulus), v (Poisson 
ratio) 
DoE_Output Epsmax (Strain) 
Type of DoE Latin Hypercube with 15 
experiments 
Type of surrogate model Polynomial chaos, degree 3 
Results Time=227 min; Accuracy R²=0.98; 
Predictivity Q²=0.002 
 
After a consistency check operation, the database is ready 
to be requested. 
4.2. Requests 
The designer executes several queries to search for DoE 
processes fulfilling the same objective, respecting same 
constraints, and, more generally, similar cases. In this use 
case, an eleventh incomplete instance is added by the 
designer. The list of requests is presented in Table 5. 
The user has already specified several data: his name, the 
objective, constraints and the initial model but the DoE type, 
the number of experiments and the type of surrogate model 
are unknown. 
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Data managed by the ontology are stored in database 
supporting OWL language and languages to make requests. 
The database is managed by OpenLink Virtuoso server and 
queries are written in SPARQL. 
The first request aims to retrieve every instance of 
surrogate modelling objective. Then, the second request 
extends the first by retrieving initial models which are similar 
according to their output and related inputs. It is not an exact 
way to compare models, but it gives details to the designer 
about the studied physics. Once this request is made, the 
designer has retrieved one initial model with the same inputs 
and outputs.  
Table 5. User's queries 
Query 
numbe
r 
SPARQL Request 
PREFIX ode: 
http://www.semanticweb.org/gblondet/ontologies/2015/9/Onto_Do
E# 
SELECT * WHERE 
1 {?x rdf:type ode:SurrogateModelling .} 
2 {?obj rdf:type ode:SurrogateModelling . 
?proc ode:DoEProcess_IsDefinedBy_Objective ?obj . 
?proc ode:DoEProcess_IsDefinedBy_DOE ?doe . 
?doe ode:DoE_has_InitialModel ?mod . 
?mod ode:InitModel_hasOut ?Out . 
 FILTER(?Out=ode:Cx || ?Out=ode:Cl ) 
?mod ode:InitMod_hasParam ?param .} 
3 {?obj rdf:type ode:SurrogateModelling . 
?proc ode:DoEProcess_IsDefinedBy_Objective ?obj . 
?proc ode:DoEProcess_IsDefinedBy_DOE ?DOE . 
?DOE ode:DoE_has_Type ?DType . 
?DType rdf:type ?DOEType . 
?DOE ode:has_Nbr_Exp ?NEXP .} 
4 {?obj rdf:type ode:SurrogateModelling . 
?proc ode:DoEProcess_IsDefinedBy_Objective ?obj . 
?proc ode:DoEProcess_IsDefinedBy_DOE ?DOE . 
?DOE ode:DoE_hasStatModel ?SurMod . 
?SurType ode:SurrogateType_hasSurrogateMod ?SurMod . 
?SurType rdf:type ?SurModType 
FILTER (?SurModType!= owl:NamedIndividual)} 
5 {?obj rdf:type ode:SurrogateModelling . 
?proc ode:DoEProcess_IsDefinedBy_Objective ?obj . 
?proc ode:DoEProcess_hasAuthor ?Author .} 
 
The third request extracts directly every DoE types and 
number of experiments used to reach a surrogate modelling 
objective. The fourth and the fifth extend this request by 
extracting respectively related surrogate model type and 
author. This ensures a connection with colleagues working on 
the same study, or at least on the same tools. This 
functionality could be useful in an extended enterprise. The 
answers for each query are presented in Table 6. 
Table 6. Answers obtained from queries. 
Query 
number 
Answers 
1 Extract all DoE processes with surrogate modelling objective 
2 Extract similar initial models (with same outputs, Cx and Cl) 
used for surrogate modelling objective. 
3 Extract DoE Type and number of experiments according to 
surrogate modelling objective 
4 Extract related surrogate model types: 5 polynomial chaos and 
5 artificial neural networks 
5 Extract authors according to a surrogate modelling objectives 
 
Designers can access every details of the configuration. 
Actually, there is a large amount of type of methods and some 
continuous parameters which must be determined. The 
selection task may be very difficult just by consulting queries 
results. Furthermore, the configuration step does not follow 
only logical rules. An inference engine will be connected to 
this ontology, based on bayesian networks. This would reflect 
the uncertainty of knowledge and predict new efficient 
configurations, which may be absent from the database. 
A request will extract a subset of the database, including 
all DoE processes with, for instance, the same objective. This 
subset will be used to trained the bayesian network and 
determine its parameters. The network structure will be based 
on the semantic structure of ODE. According to a new 
incomplete DoE process, the bayesian network corresponding 
to the same objective will be used. The combination of ODE, 
supporting the knowledge, and a bayesian network, analyzing 
this knowledge, would lead to predict a new configuration. 
Thus, the DoE process configuration step is shorten. Once 
this step is finished, the DoE process is executed, and every 
data are stored in the database to enrich it. 
5. Conclusions 
In this paper, a specific ontology for DoE process support 
has been proposed. The literature review shows a lack of 
development for this kind of process. However, several 
ontologies exist for adjacent processes, as simulation 
processes.  
The proposed ontology, ODE, covers numerical DoE 
process to enable designers to reuse capitalized data and 
knowledge. This lead to reduce the time spent to configure 
complex methods used in this process. The use-case presented 
here shown how this ontology can be exploited. 
Links with others ontologies are taken into account, as well 
as standard data models. Standards as ISO 10303 could 
provide commonly understood concepts, which are added in 
the ontology. 
This approach offers the ability to shorten at the same time 
the configuration step, by reusing data gathered by every 
stakeholder, and the execution step, by covering methods 
which shorten the number of experiments needed and the 
execution time of each simulation. 
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At this stage, this ontology has been only used to retrieve 
data, and the designer had to think about how to reuse it. The 
next step is to connect this ontology with a bayesian network, 
able to automatically propose the best configuration according 
to available data. It is also necessary to integrate concepts 
from other sources to link ODE with STEP AP209 entities for 
instance, and to improve the interface between the tool and 
the user. An interface able to generate SPARQL requests by 
itself would facilitate the requesting step. 
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